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SUMMARY 23 
Plasmodium knowlesi is increasingly recognised as a major cause of malaria in Southeast Asia. 24 
Anopheles leucosphyrous group mosquitoes transmit the parasite and natural hosts include long-25 
tailed and pig-tailed macaques.  Despite early laboratory experiments demonstrating successful 26 
passage of infection between humans, the true role that humans play in P. knowlesi epidemiology 27 
remains unclear. The threat posed by its introduction into immunologically naïve populations is 28 
unknown despite being a public health priority for this region. A two-host species mathematical 29 
model was constructed to analyse this threat. Global sensitivity analysis using Monte Carlo 30 
methods highlighted the biological processes of greatest influence to transmission. These 31 
included parameters known to be influential in classic mosquito-borne disease models (e.g., 32 
vector longevity); however, interesting ecological components that are specific to this system 33 
were also highlighted: while local vectors likely have intrinsic preferences for certain host species, 34 
how plastic these preferences are, and how this is shaped by local conditions, are key 35 
determinants of parasite transmission potential. Invasion analysis demonstrates that this 36 
behavioural plasticity can qualitatively impact the probability of an epidemic sparked by imported 37 
infection. Identifying key vector sub/species and studying their biting behaviours constitute 38 
important next steps before models can better assist in strategizing disease control. 39 
 40 
Keywords: Invasion analysis; Plasmodium knowlesi; vector-borne disease; mathematical 41 
model; vector behaviour 42 
 43 
 44 
 45 
INTRODUCTION 46 
The major human malaria species Plasmodium falciparum and P. vivax infect approximately 200 47 
million people every year, killing nearly 600,000 (WHO 2014). These parasites successfully 48 
established in human populations thousands of years ago following zoonotic emergence from ape 49 
hosts in Africa (Liu et al. 2010; Liu et al. 2014). In 2004, a surprisingly high prevalence of P. knowlesi 50 
was found in humans in Malaysian Borneo when diagnostic microscopy was replaced by the more 51 
discriminatory method of nested PCR  (Singh et al. 2004). This ground-breaking study identified 52 
that all blood samples from 208 people reporting atypical malaria infection in Kapit division of 53 
Malaysian Borneo were P. knowlesi-positive but misidentified as the morphologically similar P. 54 
malariae – a result subsequently corroborated by a larger, follow-up study conducted by the same 55 
group (Cox-Singh et al. 2008). Although long- and pig-tailed macaques are the natural hosts for 56 
this species, P. knowlesi has now been described in humans across several SE Asian countries and 57 
is the leading cause of human malaria in Malaysian Borneo (Singh and Daneshvar 2013). 58 
Mathematical models have been exploited in malaria research for a century and have 59 
produced considerable insight in both the epidemiology and control of infection (Smith et al. 60 
2012). Model complexity has increased along with biological understanding and computational 61 
power; however, even the most complex ecological transmission models have fundamental 62 
elements that are identical, or analogous, to the original Ross–Macdonald formulations (Reiner 63 
et al. 2013). This family of models typically assume a single host species – an assumption that 64 
must be relaxed in the current context. Due to the relatively recent discovery of human infections 65 
with this species, and the correspondingly nascent understanding of infection processes, P. 66 
knowlesi models are relatively scarce and uncomplicated. The first published knowlesi malaria 67 
model expanded the Ross–Macdonald formula to account for heterogeneous biting of the vector 68 
(Anopheles leucosphyrous group) split between both macaque and human mammalian hosts 69 
(Yakob et al. 2010). A game theoretic approach to evolutionary invasion analysis of this 70 
deterministic system of ordinary differential equations was used to calculate the conditions under 71 
which a parasite might switch natural hosts from macaques to humans (Yakob et al. 2010). 72 
Subsequent adaptations of this model were used to explore how vector control strategies could 73 
be optimised - both at larval and adult stages (Abdullahi et al. 2013); and, to explore how the basic 74 
reproduction number may be impacted by different ecological settings (Imai et al. 2014). Using a 75 
mathematical model, we build on this work to analyse the probability of successful parasite 76 
invasion into a host population following its introduction by an infected vector or host (either 77 
human or macaque).  78 
Stochastic effects are known to be highly influential during the period immediately after 79 
the introduction of infection into a population (Bartlett 1956), and are accounted for in calculating 80 
the probabilities of successful invasion of P. knowlesi introduced into susceptible populations 81 
(ranging from exclusively macaque to exclusively human). We also incorporate a flexible 82 
formulation that allows for qualitatively distinct host-selection vector biting behaviours because 83 
this aspect remains largely unknown for local vector species while also being 1) critical to vector-84 
borne disease epidemiology and control (Besansky et al. 2004); 2) likely to vary considerably (and 85 
not necessarily linearly) across differing proportionate representations of alternative mammalian 86 
hosts (Takken and Verhulst 2013); and 3) also likely to vary according to local vector sibling species 87 
(Gillies 1967). Insights gained into P. knowlesi epidemiology, including parasite invasion 88 
probabilities, are discussed along with proposed future research directions. 89 
 90 
METHODS 91 
Figure 1 depicts the different epidemiological compartments in the model and their connections. 92 
Being a severely neglected tropical disease, there is a general absence of longitudinal studies 93 
detailing P. knowlesi malaria infection (Fornace et al. 2015). Consequently, a flexible and open-94 
ended description of the transmission dynamics (Yakob 2016a; Yakob 2016b) is presented and 95 
used to calculate between-species parasite transmission numbers as well as invasion 96 
probabilities. Sensitivity analysis of the parameters underlying these thresholds will determine 97 
the aspects of unknown infection biology that might constitute priorities for future research. 98 
 99 
Transmission dynamics   100 
𝑑𝑆
𝑑𝑡
= 𝜇𝐻 + 𝛾𝐼 + 𝜏𝑅 − 𝑚𝑝𝐻𝑏𝑉𝐻𝑆𝑍 − 𝜇𝑆      Eq 1 101 
𝑑𝐼
𝑑𝑡
= 𝑚𝑝𝐻𝑏𝑉𝐻𝑆𝑍 − (𝛾 + 𝜀 + 𝜋 + 𝜇)𝐼       Eq 2 102 
𝑑𝑅
𝑑𝑡
= 𝜀𝐼 + 𝜅𝐴 − (𝜏 + 𝑚𝜃𝑝𝐻𝑏𝑉𝐻𝑍 + 𝜇)𝑅      Eq 3 103 
𝑑𝐴
𝑑𝑡
= 𝜋𝐼 + 𝑚𝜃𝑝𝐻𝑏𝑉𝐻𝑍𝑅 − 𝜅𝐴 − 𝜇𝐴       Eq 4 104 
𝑑𝑋
𝑑𝑡
= 𝜇𝑉𝑉 − (𝑝𝐻𝑏𝐻𝑉(𝐼 + 𝜎𝐴) + (1 − 𝑝𝐻)𝑏𝑁𝑉(𝐼𝑁 + 𝜎𝑁𝐴𝑁))𝑋 − 𝜇𝑉𝑋   Eq 5  105 
𝑑𝑌
𝑑𝑡
= (𝑝𝐻𝑏𝐻𝑉(𝐼 + 𝜎𝐴) + (1 − 𝑝𝐻)𝑏𝑁𝑉(𝐼𝑁 + 𝜎𝑁𝐴𝑁))𝑋 − (𝜁 + 𝜇𝑉)𝑌   Eq 6 106 
𝑑𝑍
𝑑𝑡
= 𝜁𝑌 − 𝜇𝑉𝑍          Eq 7 107 
𝑑𝑆𝑁
𝑑𝑡
= 𝜇𝑁𝑁 + 𝛾𝑁𝐼𝑁 + 𝜏𝑁𝑅𝑁 − 𝑚(1 − 𝑝𝐻)𝑏𝑉𝑁𝑆𝑁𝑍 − 𝜇𝑁𝑆𝑁    Eq 8 108 
𝑑𝐼𝑁
𝑑𝑡
= 𝑚(1 − 𝑝𝐻)𝑏𝑉𝑁𝑆𝑁𝑍 − (𝛾𝑁 + 𝜀𝑁 + 𝜋𝑁 + 𝜇𝑁)𝐼𝑁     Eq 9 109 
𝑑𝑅𝑁
𝑑𝑡
= 𝜀𝑁𝐼𝑁 + 𝜅𝑁𝐴𝑁 − (𝜏𝑁 + 𝑚𝜃𝑁(1 − 𝑝𝐻)𝑏𝑉𝑁𝑍 + 𝜇𝑁)𝑅𝑁    Eq 10 110 
𝑑𝐴𝑁
𝑑𝑡
= 𝜋𝑁𝐼𝑁 + 𝑚𝜃𝑁(1 − 𝑝𝐻)𝑏𝑉𝑁𝑍𝑅𝑁 − (𝜅𝑁 + 𝜇𝑁)𝐴𝑁     Eq 11 111 
 112 
All variables depicting epidemiological categories are proportions. Susceptible humans (S) 113 
become infectious (I) following a bite from an infectious vector (Z). Infectious humans revert to 114 
susceptible at rate γ. Different parameterisation of the clearance rate of symptomatic infection 115 
(ε), the rate of reversion to full susceptibility (τ) and the susceptibility to asymptomatic infections 116 
(θ) affects the temporality of immunity. Human hosts can become asymptomatically infected (A) 117 
directly progressing from symptomatic infection when the rate termed π is greater than 0, or 118 
following on from recovery (R) and subsequent reinfection (θ > 0). Asymptomatic infection in 119 
macaques is assumed to be lifelong (by setting recovery from secondary infection, κN, to equal 0) 120 
whereas humans are assumed to be able to clear the parasites and recover at rate κ. Processes 121 
governing infection in the natural macaque hosts are denoted by subscript N. Susceptible vectors 122 
(X) become infected (Y) following a bite from an infectious host, and after the extrinsic incubation 123 
period (1/ζ), become infectious (Z). The ratio of mosquitoes to total hosts is denoted m and the 124 
vector mortality rate is μV. Transmission coefficients are denoted by ‘b’ with associated subscripts 125 
(these are distinguished by the host species involved should species-specific estimates arise in the 126 
future e.g. bVH is the transmission coefficient from vectors to human hosts and comprises the bite 127 
rate per vector multiplied by the probability of parasite transmission per bite). However, because 128 
there are two alternative host species, bites must be further partitioned according to which host 129 
species actually receives the bite from a vector. This required the following framework to 130 
apportion these bites among alternative host species as determined by both their relative 131 
abundances and intrinsic vector preferences for specific host species. 132 
 133 
Functional responses in the human blood index 134 
The proportion of bites on humans is determined by a flexible formula that allows for a wide range 135 
of different functional responses depicting distinct vector biting behaviours: 136 
𝑝𝐻 =  
?̇?
?̇?+𝛼(1−?̇?)𝛽
 .        Eq 12 137 
Here pH is the ‘human blood index’ (Garret-Jones 1964); ?̇? is the availability of humans relative to 138 
all other potential hosts; α and β are parameters that shape the functional response of human 139 
bite proportion relative to all potential host species. Type I responses (α = β = 1) assume bite 140 
distribution among alternative host species that is directly proportionate to their relative 141 
availability; Type II human blood index responses (α < 1 and β ≥ 1) are convex-up with increasing 142 
human availability relative to alternative hosts and describe an anthropophilic vector; Type III 143 
responses (α ≥ 1 and β > 1) are s-shaped and depict a zoophagic vector that becomes increasingly 144 
anthropophilic with increased human encounters; Type IV responses (α > 1 and β ≤ 1) are convex-145 
down and describe a zoophilic vector that only bites humans when there are few alternatives; 146 
and Type V responses (α ≤ 1 and β < 1) are s-shaped reflected in the y=x line and describe a 147 
negative prey-switching (Abrams et al. 1993) analogue, e.g., whereby anthropophilic vectors 148 
avoid a nuisance response. A fuller description of these functional responses can be found in 149 
(Yakob 2016b). Figure 2 illustrates the shape of association between the human blood index and 150 
human host availability relative to all potential blood hosts. A complete range of host availabilities 151 
is displayed – from entirely macaque populations (0 on the x-axis) to entirely human populations 152 
(1 on the x-axis), and everything in between e.g. at the half-way mark (0.5) of the x-axis, equal 153 
availability of humans and macaques is shown for a mixed population. This formula is used to 154 
assess the importance of different host availabilities (i.e. different environmental settings) and 155 
different host-feeding behaviours in the resulting between-species transmission rates and 156 
invasion analysis. 157 
 158 
Calculation of the basic reproduction number: Entries of the next generation matrix 159 
Standard theory states that the basic reproduction number, R0, can be calculated as the largest 160 
eigenvalue (i.e. the spectral radius) of the next generation matrix, K (Diekmann and Heesterbeek 161 
2000). In the present context, involving two types of hosts and one type of vector, K is a 3 by 3 162 
matrix. Entries of K, which we write as Kij, depict the expected number of infections of each type 163 
(human host, macaque host or vector) that are directly produced by an infectious individual of 164 
each type (human, macaque or vector) when the system is at (or very near) the infection free 165 
equilibrium. Standard theory shows how the Kij can be calculated by considering the linearized 166 
infected subsystems, decomposing each into two matrices (Diekmann et al. 2010): one depicting 167 
the infection transmission (T) and the other depicting all other transitions (Σ). Each Kij is calculated 168 
as the spectral radius of the next generation matrix (NGM) for that component of the system 169 
calculated from -TΣ-1 (Diekmann et al. 2010). For the present system, there are four non-zero 170 
entries of the next generation matrix (whose derivations are shown below): the average number 171 
of human cases arising from an infected vector (KVH); the average number of macaque cases 172 
arising from an infected vector (KVN); the average number of vector infections arising from an 173 
infected human (KHV); and the average number of vector infections arising from an infected 174 
macaque (KNV). These between-species transmission numbers and their sensitivities to the 175 
underlying model parameters are assessed in terms of the Spearman’s rank correlation coefficient 176 
calculated from 5000 iterations of a Monte Carlo multivariate sensitivity analysis (whereby all 177 
parameters were assumed to have triangular probability distributions ±10% about the median 178 
values described in Table 1). Global sensitivity analysis was used to ascertain the processes that 179 
are most instrumental in P. knowlesi transmission rates.  180 
 181 
Invasion probabilities 182 
For deterministic model formulations, if the average number of secondary infections arising from 183 
a primary infection exceeds unity, the successful invasion of the pathogen into the host 184 
population is guaranteed. New epidemics driven by the imports of small numbers of infected 185 
hosts or vectors are less certain than implied by determinism: for instance, an initial infective 186 
could, with some probability, recover or die before causing any secondary infections. Calculation 187 
of invasion probabilities requires a stochastic model, a framework that can be obtained by 188 
reinterpreting the rates of continuous movement between compartments in the deterministic 189 
differential equation model as rates (probabilities per unit time) at which discrete transition 190 
events occur in the stochastic model. Branching process theory has been used to calculate the 191 
extinction probability of (potential) epidemics sparked by the introduction of infected individuals 192 
(Athreya and Ney 1972) and this has recently been expanded to calculate invasion probabilities 193 
for vector-borne disease systems allowing for two levels of host attractiveness (Lloyd et al. 2007). 194 
In line with these previous developments, invasion probabilities among the different host types 195 
are the same, in that an outbreak amongst one host type necessarily means ongoing infections 196 
amongst other host types, even if this is just a spill-over effect. To the best of our knowledge the 197 
current analysis constitutes the first to describe methods of invasion analysis for a real multi-host 198 
vector-borne disease system. This theory requires the calculation of probability generating 199 
functions, G(s), that summarize the distributions of secondary infections of each type of species 200 
that results from the introduction of an infected vector, macaque or human. In these functions, 201 
secondary infections amongst vectors, macaques and humans are labelled using powers of sv, sn 202 
and sh respectively. As in the deterministic analysis, all quantities are calculated at the infection 203 
free equilibrium. For the human host population, calculation of the probability generating 204 
function needs to account for the fact that an infectious human host in the I compartment can 205 
move to the asymptomatic (A) compartment and continue to cause infections. This is achieved by 206 
calculating generating functions for infections produced while in the two compartments and 207 
combining them, accounting for the probability of making the infected (I) to asymptomatic (A) 208 
transition, to give the overall generating function for an infective human host. We remark that 209 
the branching process analysis does not need to consider the transition from recovered (R) to 210 
asymptomatic (A) (recovered individuals becoming re-infected) as the rate of this flow is negligible 211 
near the infection free equilibrium. The generating function for the number of secondary 212 
infections generated from the infected (I) class is 213 
𝐺𝐼(𝑠𝑣) =
1
1+𝑅1(1−𝑠𝑣)
         Eq 13 214 
where R1=mbHV/(𝛾 + 𝜀 + 𝜋 + 𝜇). The generating function for the asymptomatic (A) class is 215 
𝐺𝐴(𝑠𝑣) =
1
1+𝑅2(1−𝑠𝑣)
         Eq 14 216 
where R2= σmbHV/(𝜅 + 𝜇). With φ denoting the probability that an infected (I) individual will 217 
become asymptomatic (A), i.e. φ=π/( 𝛾 + 𝜀 + 𝜋 + 𝜇), the generating function for the number of 218 
secondary infections generated after departure from the infected (I) class is given by 219 
𝐺𝑍(𝑠𝑣) = 1 − 𝜙 + 𝜙𝐺𝐴(𝑠𝑣)        Eq 15 220 
Making use of the fact that the generating function for the sum of two independent 221 
random variables is the product of their generating functions, we have that the generating 222 
function for the secondary infections resulting from an infected human host is given by 223 
GHV(sv)=GI(sv).GZ(sv) and hence 224 
𝐺(𝑠𝑣) =
1
1+𝑅1(1−𝑠𝑣)
{1 − 𝜙 + 𝜙
1
1+𝑅2(1−𝑠𝑣)
}      Eq 16 225 
The generating function, GNV(sV), describing the distribution of the number of vectors 226 
infected by an infectious macaque is obtained similarly. The generating function for the numbers 227 
of humans and macaques infected by an infectious vector is GV(sh,sn), where 228 
𝐺𝑉(𝑠ℎ , 𝑠𝑛) =
1
1+𝐾𝑉𝐻(1−𝑠ℎ)+𝐾𝑉𝑁(1−𝑠𝑛)
       Eq 17 229 
As in Lloyd et al. (2007), extinction probabilities following an introduction of an infected 230 
vector, human or macaque (sv, sh and sn , respectively) are found by solving the set 231 
𝐺𝑉(𝑠ℎ , 𝑠𝑛) = 𝑠𝑣  232 
𝐺𝐻𝑉(𝑠𝑣) = 𝑠ℎ          Eq 18 233 
𝐺𝑁𝑉(𝑠𝑣) = 𝑠𝑛 .  234 
This is most easily achieved by substituting the second and third of these equations into 235 
the first, leaving an equation for sv alone. This results in a fifth degree polynomial for which one 236 
root is sv = 1, and thus leaves a quartic polynomial to solve for sv. This equation can be solved 237 
numerically and sh and sn found by substitution. Standard theory shows that these invasion 238 
probabilities are all zero when the basic reproduction number, R0, of the system is less than one 239 
and fall between 0 and 1 when R0 is greater than one (i.e. invasion happens with some non-zero 240 
probability, but is not guaranteed). 241 
Previous explorations of multi-host systems have assumed that the proportion of bites on 242 
alternative host species is directly proportional to their relative availability. Using the new 243 
formulation that allows for qualitatively different functional responses in vector bite behaviours 244 
(Eq 12), the sensitivity of invasion probabilities to this neglected aspect of disease vector ecology 245 
was also assessed. 246 
 247 
RESULTS 248 
NGMs were used to calculate the expected number of infections of each type (human host, 249 
macaque host or vector) that are directly produced by an infectious individual of each type: 250 
𝐾𝐻𝑉 =
𝑚𝑏𝐻𝑉𝑝𝐻(𝜅+𝜇+𝜋𝜎)
(𝜅+𝜇)(𝛾+𝜋+𝜀+𝜇)
       Eq 19  251 
𝐾𝑁𝑉 =
𝑚𝑏𝑁𝑉(1−𝑝𝐻)(𝜅𝑁+𝜇𝑁+𝜋𝑁𝜎𝑁)
(𝜅𝑁+𝜇𝑁)(𝛾𝑁+𝜋𝑁+𝜀𝑁+𝜇𝑁)
      Eq 20 252 
𝐾𝑉𝐻 =
𝑏𝑉𝐻𝑝𝐻𝜁
𝜇𝑉(𝜇𝑉+𝜁)
        Eq 21 253 
𝐾𝑉𝑁 =
𝑏𝑉𝑁(1−𝑝𝐻)𝜁
𝜇𝑉(𝜇𝑉+𝜁)
        Eq 22 254 
The resulting basic reproduction number, R0, is calculated as: 255 
𝑅0 = √(𝐾𝐻𝑉𝐾𝑉𝐻 + 𝐾𝑁𝑉𝐾𝑉𝑁) 256 
Figure 3 describes the sensitivity of the parasite transmission numbers between species 257 
to the parameter values in the form of tornado plots. Across the different functional response 258 
Types, there is good qualitative consistency in the transmission numbers’ sensitivity to underlying 259 
parameters. Intuitively, both KVH and KVN are highly sensitive to the mosquito mortality rate – a 260 
parameter that is well understood to be strongly influential in classic models of vector-borne 261 
diseases (Macdonald 1956). Both KHV and KNV are similarly sensitive to the transmission 262 
coefficients (b) and very insensitive to mammalian host longevity (inverse of their respective 263 
mortality rates, μ and μN) as per traditional malaria models. Of note is the considerable variation 264 
in transmission numbers in relation to the availability of humans relative to all alternative blood 265 
hosts, 𝐻,̇  whereby ?̇? was the most influential parameter for all transmission numbers under a 266 
Type III functional response (a zoophagic vector that becomes increasingly anthropophilic with 267 
increased human encounters) and of markedly lower significance under a Type V response 268 
(negative prey-switching). This result is apparent from Figure 2.  269 
Sensitivity analysis was conducted at ?̇?=0.5 (i.e. humans and macaques are equally 270 
available) because this is where differences between the Types are most pronounced. The 271 
gradient of the human blood index as a function of human availability relative to all blood meal 272 
hosts is steepest for Type III and flattest for Type V at this cross-section. This ranking in sensitivity 273 
will shift non-monotonically for the different functional types in vector biting behaviour across 274 
the range of alternative host availabilities.  275 
Figure 4 shows the invasion probabilities for P. knowlesi in relation to host availability and 276 
vector host-selection behaviours. General trends arise when comparing these probabilities across 277 
scenarios whereby the pathogen is introduced by vectors, humans and macaques: introduction 278 
of the pathogen by an infected host is least likely to invade when the local host population is 279 
dominated by heterologous species; and when P. knowlesi is introduced by an infected mosquito, 280 
invasion potential is maximised in macaque-only populations. This can be explained by the 281 
assumed superiority of macaques as parasite hosts (they are assumed to remain infectious for 282 
life). However, an unanticipated result of the mosquito-driven invasion analysis is the fact that, 283 
regardless of the assumed biting behaviour, minimal invasion probabilities corresponded with 284 
non-trivial mixes of macaque and human hosts. 285 
For the most part, the invasion probabilities behave distinctively across different 286 
functional Types. Of note are the differences between scenarios whereby P. knowlesi can 287 
successfully invade when introduced by a macaque: when humans constitute >30% of all blood-288 
hosts, invasion is precluded in a Type III (switched biting behaviour) entomological scenario but, 289 
in a Type I (classic proportionate biting assumption) scenario, this complete exclusion is restricted 290 
to settings in which there are no macaques. 291 
 292 
DISCUSSION 293 
Malaria caused by Plasmodium knowlesi can be a highly debilitating and potentially fatal disease. 294 
To improve our understanding of this neglected tropical disease, we developed models to explore 295 
the probability of P. knowlesi invasion into different populations.  296 
Multivariate sensitivity analyses highlight aspects of vector and pathogen life history that 297 
are most influential in disease transmission. Consistent with models of other malarias, disease 298 
transmission is critically sensitive to vector longevity. Accurate age-grading for natural anopheline 299 
mosquitoes remains a major hurdle and most estimates come from ovarian examination of the 300 
number of gonotrophic cycles that females have undergone (Cook and Sinkins 2010). Not even 301 
rough estimates produced through this indirect measuring method are yet available for members 302 
of Anopheles leucosphyrous group. Additionally, this group is made up of several species that are 303 
morphologically impossible to distinguish (Sallum et al. 2005) and whose life histories, bite 304 
behaviours and thus contribution to P. knowlesi transmission are only just beginning to be 305 
uncovered (Tan et al. 2008; Vythilingam et al. 2006; Wong et al. 2015). Future modelling efforts 306 
incorporating entomological parameters will require allowing for considerable uncertainty – as 307 
incorporated here – until empirical information becomes available.  308 
The current study constitutes the first endeavour in determining the probability of 309 
successful invasion following a P. knowlesi introduction into a susceptible population. This is 310 
particularly relevant for newly emerging infectious diseases because of their vulnerability of fade-311 
out through random effects when infection numbers are low. To conduct this invasion analysis, it 312 
was assumed that the human hosts were immunologically naïve. In terms of P. knowlesi 313 
transmission, over 70% of infections are in individuals over the age of 20 years (Grigg, William et 314 
al in prep). This is not the epidemiological profile that would be expected if acquired immunity 315 
were an important transmission determinant locally. There is good evidence that P. knowlesi 316 
exhibits unstable transmission in humans (with a strong seasonal effect). Indeed, unstable 317 
transmission would be expected for a spill-over parasite. Together, these factors suggest that 318 
human populations that suffer from P. knowlesi infection do so through the repeat invasion of 319 
the parasite into humans from the macaque reservoir; and, that sustained transmission within 320 
humans over prolonged periods is seldom (if ever) experienced. Therefore, the assumption of an 321 
immunologically naïve human population with which to simulate P. knowlesi invasion currently 322 
seems appropriate. 323 
The current study highlights vector biting behaviours (anthropophilic, switching and 324 
zoophilic i.e. Types II, III and IV) which result in maximum human-elicited invasion probabilities 325 
across broad host availabilities. Critical in ascertaining the true threat that humans pose in 326 
transporting infection between different populations will be identification of the functional 327 
response in vector biting behaviour to variations in the availability of alternative blood hosts. 328 
An in-depth analysis was conducted into how vectors respond to differing availabilities of 329 
alternative blood sources in terms of their host selection and how this impacts transmission. 330 
When non-linear responses are accounted for, quantitative differences arise in the parasite 331 
transmission numbers between species but qualitative differences emerge in the invasion 332 
probabilities. For example, when humans constitute two-thirds or more of the available blood 333 
hosts, invasions sparked by infected macaques are completely precluded when spread by vectors 334 
exhibiting Type II, III or IV responses. Establishing how local vector biting behaviour responds to 335 
a changing environment as humans increasingly encroach upon and supplant macaque habitats 336 
will be key to addressing the likelihood of P. knowlesi spread by human (or macaque) importation. 337 
Semi-field experiments using varied availabilities of alternative hosts and testing blood-meals of 338 
fed mosquitoes could help improve understanding of this behaviour. 339 
Following the precedents of the major human malaria species P. falciparum and P. vivax, 340 
P. knowlesi may be in the process of emerging as a substantive agent of malaria from primates 341 
into human populations – and recent field studies suggest that distinct parasite strains have 342 
invaded human populations (Ahmed et al. 2014; Divis et al. 2015; Pinheiro et al. 2015). This offers 343 
a unique opportunity to identify the environmental drivers behind the parasite’s evolution. To 344 
this end, the current study in which methods are developed to calculate invasion probabilities for 345 
multi-host malaria infections advances our ability to explore these important questions. 346 
The present study highlights areas requiring further investigation. Biological 347 
understanding for P. knowlesi is germinal (although burgeoning) and currently dictates the 348 
appropriate level of complexity for disease models. Numerous host, parasite and environmental 349 
factors impact the epidemiology of all malarias and the coming years can be expected to better 350 
equip us in building upon this initial effort to simulate P. knowlesi invasion. For example, 351 
haemaglobinopathies are known to impact malaria epidemiology and (particularly beta 352 
thalassaemia) occur at high rates in P. knowlesi-endemic populations. Currently, it is unknown 353 
whether/how these haemaglobinopathies affect susceptibility to P. knowlesi infection and these 354 
were consequently omitted from the current analysis. Additionally, given the overlapping 355 
endemicity with other malaria species in some regions, a future direction of the current work 356 
would be the exploration of the effects of P. knowlesi invasion in regions with P. falciparum and/or 357 
P. vivax already. However, much of our parameterisation comes from studies in Sabah where 358 
levels of P. falciparum and P. vivax transmission are very low and unlikely to impact P. knowlesi 359 
invasion.  360 
Another shortcoming arising from data paucity is the need to resort to parameter values 361 
gleaned from classic malaria entomological and epidemiological studies. Recent genetic analysis 362 
suggests a lack of clustering of parasite genotypes in humans or macaques, which may be 363 
suggestive of zoonotic rather than human-vector-human transmission (Divis et al. 2015; Lee et al. 364 
2011). However, a similar result would be anticipated under the circumstance that human 365 
outbreaks were limited in size i.e., transmission chains were relatively short. A comprehensive 366 
multivariate sensitivity analysis allowed detection of the model parameters for which direct 367 
estimates were as yet unavailable and that were simultaneously highly influential in disease 368 
transmission. As described above, mosquito longevity is highly influential, but, so too is the vector 369 
biting behaviour. Additionally, seasonal effects on vector species’ (or sibling species’) abundance 370 
(absolute as well as relative to one another) have only recently been described for A. balabacensis 371 
(Wong et al. 2015), and the integration of these new data into seasonally-driven entomological 372 
models constitutes important future work.  373 
Following a successful control campaign, malaria incidence in Malaysia has declined 374 
considerably in recent years and targets have been set for imminent elimination (Cotter et al. 375 
2011). Unfortunately, the current endemicity of P. knowlesi threatens elimination in this region 376 
(William et al. 2013). While informing the epidemiology and control of a considerable public 377 
health threat, rapid knowledge development in the ecology of this newly emerging disease can 378 
also be expected to provide invaluable insight into the evolutionary processes underlying 379 
successful pathogen invasion into humans. 380 
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Table 1. Plasmodium knowlesi mathematical model parameters, descriptions, median values 538 
and source. 539 
 Definition Median Values 
Humans 
(Macaques) 
Source 
bVH Transmission coefficient (to 
humans); bite rate x 
transmission probability 
0.1; 1/3 x 0.3 (Rickman et al. 
1990) 
bVN Transmission coefficient (to 
non-humans); bite rate x 
transmission probability 
0.1; 1/3 x 0.3 (Rickman et al. 
1990) 
bHV Transmission coefficient 
(humansvectors); bite rate 
x transmission probability 
0.007; 1/3 x .02  (Bonnet et al. 
2003) 
bNV Transmission coefficient 
(non-humansvectors); bite 
rate x transmission 
probability 
0.007 (Bonnet et al. 
2003) 
m Ratio of mosquitoes to all 
hosts (macaques & humans) 
10 Assumption 
γ Recovery rate 0.07 (0) day-1 (Coatney et al. 
2003) 
ε Clearance rate of 
symptomatic infection 
0.07 (0) day-1 (Coatney et al. 
2003) 
κ Clearance rate of 
asymptomatic infection 
0.01 (0) day-1 (Franks et al. 
2001) 
π Asymptomatic primary 
infection rate 
0.14 (0.14) day-1 Assumption 
θ Susceptibility to secondary 
asymptomatic infection  
1 (0) Assumption 
τ Full susceptibility reversion 
rate 
0.0057 (0) day-1; 
1/(ln(2)x3 years) 
(White et al. 
2014) 
σ Adjustment factor for 
asymptomatic 
transmissibility to vector 
0.25 (0.25) (Okell et al. 
2012) 
μ  Birth and death rate of hosts 
(i.e. stable population) 
3.4x10-5(2.7x10-4) 
day-1 
(Anonymous 
2010; Yanuar et 
al. 2009) 
μV Birth (or maturation) and 
death rate of vectors (i.e. 
stable population) 
0.1 day-1 (Yakob et al. 
2010) 
ζ Rate of parasite 
development within vector 
0.1 day-1 (Collins 2012) 
 540 
 541 
Figure 1. A general framework for multi-host vector-borne diseases. Top row: susceptible non-542 
human hosts (SN) become infectious (IN) following an infectious bite from a vector, and then 543 
potentially recover (RN) or become asymptomatically (and/or chronically) infected (AN). Middle 544 
row: susceptible vectors (X) become infected (Y) and then infectious (Z), following successful 545 
pathogen transmission during a bloodmeal. Bottom row: susceptible human hosts (S) become 546 
infectious (I) following an infectious bite from a vector, and then potentially recover (R) or 547 
become asymptomatically (and/or chronically) infected (A). Current best understanding of this 548 
infection system is that macaques remain infected for many years (in the order of their 549 
lifetimes); but, should evidence arise that they clear infections (similar to the human system), 550 
the model allows for this development (shaded-out region of the transmission process). 551 
 552 
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 558 
 559 
Figure 2. The qualitatively distinct functional types in vector biting behaviour. Vector-borne 560 
disease models ubiquitously assume that the human blood index is directly proportional to the 561 
availability of humans relative to all blood hosts (Type I). In this study, alternative vector 562 
behaviours are also modelled for comparative purposes. Parameterisation of Equation 12 563 
needed to produce the curves for Types I-V were α=1, β=1; α=0.25, β=4; α=4, β=4; α=4, β=0.25; 564 
α=0.25, β=0.25. 565 
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 575 
 576 
Figure 3. Multivariate sensitivity analysis for the different functional response Types. KVH: 577 
average number of human infections arising from an infectious vector; KVN: average number of 578 
macaque infections arising from an infectious vector; KHV: average number of vector infections 579 
arising from an infectious human; KNV: average number of vector infections arising from an 580 
infectious macaque. Results are shown for parameters that had Spearman’s rank correlation 581 
coefficients of over 0.1 following 5000 iterations of a Monte Carlo simulation.  582 
 583 
 584 
 585 
 586 
 587 
 588 
Figure 4. Plasmodium knowlesi invasion probabilities following introduction by infected human 589 
(1-sh), infected macaque (1-sn) or infected vector (1-sv). The lines are labelled with the different 590 
functional Types in vector biting behaviour. 591 
